Abstract: Effective monitoring is necessary to conserve mangroves from further loss in Malaysia. In this context, remote sensing is capable of providing information on mangrove status and changes over a large spatial extent and in a continuous manner. In this study we used Landsat satellite images to analyze the changes over a period of 25 years of mangrove areas in Iskandar Malaysia (IM), the fastest growing national special economic region located in southern Johor, Malaysia. We tested the use of two widely used digital classification techniques to classify mangrove areas. The Maximum Likelihood Classification (MLC) technique provided significantly higher user, producer and overall accuracies and less "salt and pepper effects" compared to the Support Vector Machine (SVM) technique. The classified satellite images using the MLC technique showed that IM lost 6740 ha of mangrove areas from 1989 to 2014. Nevertheless, a gain of 710 ha of
Introduction
Mangrove ecosystems are found in many sub-tropical and tropical areas of the world including Malaysia ( Figure 1 ) and they are growing along sheltered coastlines such as river estuaries or tidal marshes [1] . The various goods and services provided by these forests make them one of the valuable ecosystems in the world. Although mangroves constitute less than 0.4% of the world's forests [2] , they play an important role in providing habitats for thousands of marine and pelagic species, and serving the local communities with food, medicine, fuel and building materials. They also become important in mitigating the impact of climate change by sequestering CO2 (the main greenhouse gas, apart from water vapor) from the atmosphere as they are one of the most carbon-rich forests in the tropics [3] [4] [5] . They also protect the coastal areas from tidal waves, tsunamis and cyclones [6] . and Lower right: 0°51′10″N, 119°16′00″E) [7] .
Despite their significance in providing ecological and economic services, mangroves are being lost at the rate of about 1% per year globally [8] . The rate of loss is highest in developing countries and in Malaysia the rate is estimated to be about 1% or 1282 ha· year −1 since 1990 [9] . Mangroves are cleared for coastal development, aquaculture, timber and fuel production [10] . Similar to the urbanization at global level, the southern coast of Johor-Iskandar Malaysia (IM) (Figure 2a ) is undergoing the highest economic growth rate in the country. The fast pace urbanization threatens the survival of mangrove forests. In fact, Johor experienced the third largest mangrove loss after Selangor and Pahang states in Malaysia [11] . Mangrove forests in IM are continuously being cleared for constructing housing and industrial buildings, ports, power plants, oil storage, and a coastal way via massive reclamation works and also being transformed into urban water fronts. Continuous loss of mangroves in this region will have a negative impact on environmental stability and on aquatic organisms and the biodiversity of the flora and fauna. Thus, an effective monitoring of mangrove forest is urgently required to prevent further loss of mangroves in Johor. Ground surveying methods and field observations are traditionally used for mapping mangrove areas. Although this can provide good mapping accuracy (cm to m), it is rather time consuming, laborious and costly; moreover, this method is not practical in a harsh mangrove environment that is temporarily inundated and hard to access [11, 12] . Tidal change in mangrove areas makes the area change assessment more difficult by the inventory method. In past decades, multi temporal aerial photographs with high spatial resolution (<1 m) provided a local to sub-regional scale mapping and monitoring of mangrove ecosystems [13] [14] [15] . However, the potential for obtaining good images depends on flight and local weather conditions. Alternatively, remote sensing technology that delivers satellite images covering large-spatial scale, on a continuous basis (long-term) and at reduced cost can provide up to date information on mangrove forests, their spatio-temporal changes and the mangrove trees' health conditions. This information will provide economists, ecologists, and natural resources managers in Malaysia with valuable information to improve management strategies for mangrove ecosystems.
Remote sensing data and methods have been applied widely for mapping mangrove ecosystem distribution, species differentiation, health status, and changes of mangrove populations [1, 11, 16] . Satellite data with fine to medium spatial resolution such as Ikonos, Quickbird, and Landsat Thematic Mapper can provide adequate spatial details for mapping mangroves areas [16] . Meanwhile, hyperspectral images are useful in discriminating various mangrove species [17] . In Malaysia mangrove ecosystems have been studied using various remote sensing data for mangrove detection/areal delineation [18] [19] [20] [21] , mangrove change detection [22] [23] [24] [25] [26] [27] [28] [29] , mangrove species classification [21, 30, 31] , and biomass of mangrove forest [5] . Change detection of mangrove areas using satellite data has been conducted in Malaysia at a local scale. However a detailed analysis of the Iskandar Malaysia region, using consistent data sources and methodology and suitable spatial and temporal scales, was not available. Thus, the overall goal of this study was to evaluate satellite imagery as a tool for monitoring changes in mangrove forests in Iskandar Malaysia and the secondary objective was to evaluate training sample size on classification accuracy. Both Maximum Likelihood Classifier (MLC) and Support Vector Machine (SVM) techniques were employed to classify mangrove and other land cover types in IM using time series Landsat Thematic Mapper (TM), Enhanced Thematic Mapper (ETM+) and Operational Land Imager (OLI) data. We then detected the changes in the land cover over a period of 25 years (1989-2014) . Such studies are important for the development of a regional action plan in conserving mangrove resources in Malaysia. 
Study Area
The total global coverage of mangrove forests is 15.62 Mha and of this 3.7% is found in Malaysia. Mangroves are established mostly along the west coast of Peninsular Malaysia and in the states of Sabah and Sarawak in Malaysian Borneo (Figure 1 ). Mangroves in Peninsular Malaysia constitute about 17% of the total mangroves of Malaysia (0.58 Mha) and the rest are found in Eastern Malaysia in Sabah (58.6%) and Sarawak (24.4%). The main mangrove tree species found in Malaysia are from the Rhizophoraceae family. However, there are at least a total of 70 mangroves species from 28 families that are found in this country [7] . Mangroves in Malaysia provide various ecological, economic and social benefits to the people and country [12] .
This study focuses on Iskandar Malaysia (IM), the fastest growing national special economic region located in southern Johor, Malaysia (Figure 2a) . It was established in 2006 to bring in more focused economic and infrastructure investments and the region is administered by the Iskandar Regional Development Authority (IRDA). The region encompasses an area of 2217 km 2 ; it involves five local government authorities with five distinctive "Flagship Zones" or developmental focal points to guide its overall development (Figure 2a ). Currently the natural environment (forest, mangrove, rivers and water bodies) covers ~24% (56,719 ha) of the total IM (Comprehensive Development Plan ii-unpublished). The Ramsar Convention (formally the Convention on Wetlands of International Importance especially as Waterfowl Habitat) is an international treaty signed in 1971 for the conservation and sustainable utilization of wetlands; it came into force in 1975. There are over 2000 Ramsar sites worldwide of which 6 are in Malaysia, namely: Tasek Bera in Pahang, Kuching Wetlands National Park in Sarawak and Lower Kinabatangan-Segama Wetland in Sabah, while the other three are found in Johor in the IM region (see Figure 2b) . Geographically, the mangrove forests in the region are distributed along the estuaries which can be broadly classified into three areas as shown in Figures 1 and 2b . Pulau Kukup, Sungai Pulai and Tanjung Piai (Tg Piai) mangrove areas (Figure 2b) found in IM were designated as Ramsar Sites in 2003. Mangrove forests are important in this region for shoreline protection, ecology, bio-diversity and as a source of income for local people.
Data and Methodology
We downloaded several scenes of Landsat Thematic Mapper (TM), Enhanced Thematic Mapper (ETM) and Operational Land Imager (OLI) images from the United States Geological Survey (USGS) website, available for free at [32] The total cloud cover of the study area in each scene was not more than 20% (Table 1 ). The images were subset to the IM region ( Figure 2 ) and the digital numbers were converted to reflectance following the method provided in the NASA Landsat 7 Science Data Users Handbook, available at [33] . Clouds were masked out based on the brightness temperature information of the Landsat thermal band. We calculated and examined the brightness temperature [34] of clouds in each image and masked them out by using the thresholds as shown in Table 1 . Clouds are assumed to be colder than these thresholds [35] . We did not perform atmospheric correction because the images were not too hazy and the training data is from the image to be classified [36] . We ran a co-occurrence matrix texture measurement mean filter 3 × 3 window by using ENVI software (Exelis Visual Information Solutions, Boulder, Colorado) to smooth the spatial variation in the study area and thus improve the classification results [37] . There are over a dozen image classification algorithms that have come into use in recent years. Li et al. [38] carried out extensive tests on the performance of 15 of these algorithms and concluded that "when sufficiently representative training samples were used most algorithms performed reasonably well." To classify the Landsat images in our data set we have chosen two of the most commonly used of these algorithms, namely the Maximum Likelihood Classification (MLC), because it is simple, and the Support Vector Machine (SVM), because it is widely held to be "better" than other algorithms [39] . MLC uses a parametric logic which assumes that the data is normally distributed and the classes are trained based on the probability density function [40] . The probability of each pixel belonging to any particular class is calculated, and then the pixel is assigned to the class with the highest probability. SVM uses a non-parametric machine learning logic where no assumption is made on the data distribution [39] . SVM discriminates the data into a discrete number of classes by projecting the data into a feature space with hyperplanes by using a kernel function. Machine learning involves iterations to find the finest border line to discriminate the data. It was reported that the result of SVM is promising even with limited training samples [39] .
We selected training samples from the images (Figure 3 ) by carefully selecting homogeneous pixels so that every land use/land cover (LULC) class (forest, oil palm, rubber, mangrove, urban, and water bodies) has three sets of training samples (10, 20 and 30 polygons where each polygon contains about 40-60 pixels). The number of pixels (40 or 60) selected for each polygon is dependent on the size of the land use. For example larger number of pixels was selected for oil palm and fewer pixels were used for rubber. Different training samples (10, 20 and 30 polygons) were used to test if MLC and SVM can produce higher accuracy with increased number of training samples. This size of training samples follows the guide where training sample size for each class should be not fewer than 10-30 times the number of bands [40] . We used all the spectral bands of Landsat sensors except for the thermal band for the classification with both MLC and SVM. For SVM we tested all kernel types i.e., radial, polynomial, linear, and sigmoid [41] and after several trials we chose values of the following parameters that produced the highest accuracies (Bias in Kernel function = 1, Gamma in Kernel function = 0.167, penalty parameter = 100, pyramid level = 0 and class probability threshold = 0). The overall classification accuracies produced by MLC and SVM using 10, 20 and 30 samples were compared using Analysis of Variance (ANOVA).
The classification results were validated using another independent set of polygons (10 polygons with 40 to 60 pixels- Figure 3 ) distributed across the study region which we referred to the Johor land use maps produced by the Department of Agriculture, Peninsular Malaysia (scale 1: 250,000) of 1990, 2000, 2006, 2008 and 2010 . Similar to the training dataset we selected more validation pixels for oil palm and fewer pixels for rubber. The Johor land use maps were considered as ground-truth because these maps were produced from aerial photos and SPOT images, and verified by extensive field work. Our local knowledge of several locations also helped us to verify the results. We also used land cover reports produced by the Comprehensive Development Plan ii (unpublished) report produced by the Iskandar Regional Development Authority (IRDA) for years 2013 to 2025. Relative Predictive Error (RPE) was used in this study to quantify the mean percentage difference between land cover classified by digital classification techniques and land cover data produced by the Department of Agriculture (DOA) and IRDA. RPE provides the direction of changes (underestimation or overestimation) in predicted values compared to measured values. The accuracy of the classified images was assessed using confusion matrices and kappa coefficients [42] . The overall accuracy in the confusion matrix is calculated by summing the number of pixels classified correctly and dividing by the total number of pixels. The kappa coefficient is calculated from [42] as follows:
where ̂ is the KHAT statistic (an estimate of KAPPA), r is the number of rows in the matrix, xii is the number of observations in row i and column i, xi+ and x+i are the marginal totals of row i and column i, respectively, and N is the total number of observations [42] .Since the classified images suffered from the "salt and pepper" effect we ran post classification to remove these pixels. We used clump classes from the post-classification in the ENVI software (Exelis Visual Information Solutions, Boulder, Colorado) to clump closest and similarly classified areas. The pixels in 3 × 3 window size were clumped together by first carrying out a dilate operation then an erode operation on the classified image. The classified images with highest overall accuracy and Kappa coefficient were selected to calculate the total area covered by each LULC types. We created shape files with a polygon feature for each LULC type using ArcCatalog software. All the LULC boundaries were delineated and their total areas were calculated.
Results
In this section we report the accuracy of each of the classification techniques used to classify various land use/land cover classes (LULC) in IM. This is followed by the change detection of the LULC between 1989 and 2014.
Classification Accuracy
A total of six LULC classes (forest, oil palm, rubber, mangrove, urban, and water bodies) were classified using the MLC and SVM classification techniques. The classification accuracy (Producer, User, Overall accuracies and the Kappa coefficient) is shown in Table 2 and for SVM the classification results with the highest accuracy obtained with radial functions are reported. Generally the classification run using 30 polygons yielded higher overall accuracy compared to 20 and 10 polygons. The overall accuracy of the images range between 62% (for SVM run on the image dated 2007 using 10 polygons) and 95% (for MLC run on the images dated 2000 and 2009 using 20 and 30 polygons respectively). The Kappa values for classifications using 30 samples range between 0.74 and 0.84 for SVM and from 0.85 to 0.93 for MLC. These values represent the general precision that can be expected in mapping land cover using the classification techniques. yielded the highest overall classification accuracy compared to SVM for all the seven years considered in this study and we found increasing the number of polygons increases the overall accuracy for both classifications methods (Figure 4) . The results of analysis of variance (ANOVA or F test) showed that there is a significant difference between MLC and SVM for 10 (n = 7, p = 0.04, F value = 5.26), 20 (n = 7, p = 0.08, F value = 3.73) and 30 (n = 7, p = 0.0003, F value = 26.12) samples. The larger the sampling size especially from 10 samples to 30 samples the p value becomes smaller indicating the highly significant difference in the overall classification accuracy. A larger sample size with the same sample mean will result in a smaller p-value. However, the higher p value for 20 sample size compared to 10 sample size maybe due to the dissimilar sample mean between 10 and 20 sample sizes.
Water body and mangrove produced higher user and producer accuracies among the land cover classes where >76% of all pixels classified as water and mangrove are indeed water and mangrove on the ground (Table 2 ). An exception was found for mangrove classified by SVM images dated 2007 where the user and producer accuracies are 62% and 4% respectively. Forest class also produced higher user and producer accuracies (>65%) except for user accuracy for SVM year 2000, 2005, 2007 and producer accuracy of only 46% by SVM for year 2007. Meanwhile, rubber class produced very low (up to 0%) user and producer accuracies for some of the data (images dates 2000, 2005 and 2007) and interestingly this is only for the SVM technique. MLC however, produced higher user and producer accuracies compared to SVM technique ( Table 2 ). The low accuracies for the rubber class may be attributed to the spectral similarity of rubber with forest with the 30 m resolution of Landsat which may have hindered the discrimination of rubber from forest class. In order to assess the performance of each classifier to delineate the boundaries between the various land cover classes a few subsets of areas containing forest, mangrove, rubber and urban classes were zoomed ( Figure 5 ) and it was found that the MLC technique run using 30 polygons produced fewer mixed pixels than SVM run using 30 polygons. For example Figure 5a shows more oil palm pixels within the forested area in the image classified by SVM compared to MLC. Similarly, in Figure 5b a large number of rubber pixels are found within the mangrove area in images classified by the SVM technique. In an area where there should be more rubber, like in Figure 5c , SVM produced about 1000 ha less rubber compared to the results of MLC. In Figure 5d with SVM we found some rubber pixels in the urban area (Johor Bahru) which is not true and MLC correctly captured this and shows no rubber within the urban area. Since MLC provided better results in terms of the overall accuracy and had less "salt and pepper" compared to SVM, we selected classification results of MLC for further analysis. Each of the LULC class (as classified using MLC) boundaries was extracted to discard any mixed pixels within the major LULC ( Figure 5 ) and we calculated the total area covered by each of the LULC in each of the Landsat images (Table 3 ). Figure 6 clearly shows the spatial changes in rubber where in 1989 satellite image rubber plantations dominated the northern part of IM which decreased substantially from 2000 onwards. Rubber plantations were mainly replaced with oil palm plantations and urban surfaces in the northern and southern parts of IM. In Table 3 
Land Use or Land Cover (LULC) Changes
The LULC changes in IM between 1989 and 2014 were analysed using the results of the MLC classification. The total area covered by each of the six LULC in IM from 1989 to 2014 is shown in Figure 7 and Table 4 . In each year oil palm constitutes the largest land area of IM compared to other LULC. In 1989, rubber was the second largest land use type and this was followed by urban, forest and mangrove. This distribution started to change since the beginning of the 1990s where the land used for Figure 8 and Table 5 . Action is necessary to protect the existing mangrove cover from further loss. Generally, natural green covers (forest and mangrove) suffered losses of as much as 65% and 33% respectively in 25 years. Table 5 . Major mangrove sites as shown in Figure 8 in Iskandar Malaysia. We verified the locations that we found from satellite images as changed areas (Figure 8 Figure 9 and Table 6 respectively. From 18 areas that we compared we found 17 areas were correctly detected by satellite images with MLC classification method as changed and one area (location number 2 in Figure 9 ) was found to be unchanged while our classification result shows as changed. Figure 9 . Locations of changed mangrove area as detected from satellite images (red and blue areas refer to mangrove loss and gain, respectively, between 1989 and 2014) overlaid on a Google Earth image. Black circles numbered as 1, 2 and 3 show the major mangrove areas (refer to Table 5) in Iskandar Malaysia. The yellow pincushions show the specific locations of changed mangrove areas that were verified with Google Earth images (refer to Table 6 for the specific locations). 
Areas Location
) with Google Earth maps (dated 18 November 2010, 16 April 2012, 27 June 2013, 10 February 2014 and 18 February 2015) of IM. The locations that we compared visually with the Google Earth map and whether or not they have changed are shown in
Discussion

The Choice of Image Classification Algorithms
Many previous studies show that SVM is a better digital image classification technique compared to MLC. About 100 studies conducted using various classification techniques for land cover classification between 2003 and 2010 with high, medium and coarse spatial resolution and hyperspectral remote sensing images reported the superiority of SVM [39] . These studies concluded that SVM is well suited for small training sets and high-dimensional data [43] [44] [45] [46] . The use of SVM for mangrove classification was reported by Huang et al. [47] and Heumann [48] . Heumann [49] found that the overall accuracy of the SVM classification between true mangroves and mangrove associates was 94.4% and the greatest source of error was the misclassification of mangrove associates as true mangroves. Galvez et al. [50] demonstrated the usefulness of SVM for LULC classifications of heterogeneous tropical landscapes. In most of the cases SVM was found to be better than MLC by only a few percentage points (<5%). Jia et al. [51] found that SVM is better than MLC by about 1% and SVM could classify croplands better because croplands occurred in aggregated class objects. However, SVM underestimated grasslands because grasslands co-existed with forest and SVM led to the misclassification of grasslands and forest lands. Jia et al. [51] attributed the relatively higher accuracy of the SVM technique to its ability to locate an optimal separating hyperplane and generalise the hyperplane using limited training samples to all other unseen pixels in the image and its advantage of no required assumption of any particular data distribution. The use of mixed pixels in the training data sets is also believed to be one of the reasons for SVM to classify LULC with better accuracy compared to the MLC technique.
However, in a seminal paper Li et al. [38] studied 15 classification methods on a common set of six bands of Landsat imagery and concluded that the differences between the accuracies of the various methods was really quite small and that in order to achieve an accurate classification it was more important to have a "good" set of training data than to be concerned with which classification method to use. They found that the best classification accuracy using six bands of a Landsat image was achieved by logistic regression, followed by the maximum likelihood classifier (MLC), neural network (NN), support vector machine (SVM), and logistic model tree (LMT) algorithms but the differences in accuracy were quite small. They also concluded that MLC and Logistic regression have superior performances compared to other algorithms as their error range is narrow (using a different number of training samples) and they can be easily set to produce a high accuracy, thus MLC, Logistic Regression (LR), and LMT are the most stable algorithms among all the algorithms.
Although some researchers [43, 46, 52, 53] argue that SVM can produce superior classification results with only a small number of training samples, Li et al. [38] showed that when the number of training samples was very small (e.g., 20 and 40 samples), no algorithm performed well, but most of the algorithms achieve their highest accuracies when there are more than 200 samples (pixels) per class. This finding is in contrast to that of Huang et al. [52] who argued that fewer spectral bands of a Landsat image and fairly large training samples (2%-20% of entire image) were the reasons for reduced accuracy of SVM compared to ANN. Li et al. [38] concluded that most supervised algorithms such as MLC, LR, and LMT could produce high classification accuracies if the parameters are properly set and training samples are sufficiently representative. The findings of Li et al. [38] support the results of our study that MLC with a sufficient number of training samples and their well distributed locations throughout the scene can produce high and stable performance compared to SVM. It is noteworthy that MLC is relatively easy to run and it consumes considerably less computing time (1 min versus 10 min for SVM in our study).
Similar to Li et al. [38] , a few other studies also found the superiority of other classification techniques compared to SVM. Petropoulos et al. [53] , for example, used both SVM and object-based classification for mapping LULC in the Mediterranean region using Hyperion data. The results of their study showed that the object-based technique had 5% and 6% more overall classification accuracy and kappa coefficient respectively compared to SVM. Similarly, both the producer and user accuracies were also higher for the object-based approach. Otukei and Blaschke [54] found that the decision tree algorithm performed well (3%-4% higher) compared to SVM. Gil et al. [55] and Zhang et al. [56] found that MLC is better than SVM in classifying plants or land cover using high spatial resolution optical imagery.
As presented in Figure 5 , SVM classification resulted in obvious salt and pepper effects compared to MLC even after the clump image post-classification technique was applied on images classified by both algorithms. In low resolution images mixed pixels exist due to the complexity of ground substances, diversity of disturbance, etc., and this spatial autocorrelation of pixels is not commonly considered in the SVM classification, thus causing much noise in the classified images [57] . Similarly Man et al. [58] also found that the salt and pepper effect is one of the disadvantages of the SVM technique; they used hyperspectral images for classifying LULC in the University of Houston campus and its neighboring urban area in the southeast of Texas, USA, and the upper part of the Mexico Gulf plains.
Mangrove Cover Change
The loss of mangroves in Johor for the period of 25 years is estimated at about 6030 ha. As shown in Figure 7 and Table 5 , most of the mangroves are found in three sites in IM. The largest loss of mangrove is detected in area 2 (2748 ha), followed by area 3 (2569 ha) and area 1 (1748 ha). Although area 1 has the largest coverage of mangroves in IM (10,299 ha), this site shows relatively least physical disturbance in the last 25 years as compared to the other two areas of study. The Ramsar site status recognizes the international importance of these three sites for conserving bio-diversity. However, it is the protected area and forest reserve status that have contributed essentially to the nature conservation of these sites thereby enabling them to support a unique mix of marine and terrestrial species through providing breeding, feeding and nursery grounds for fish and arthropods, as well as many local and migrant bird species, and reptiles. Mangroves in area 1 are also important for controlling floods and stabilizing shorelines [7] .
Despite this significance, development is fast encroaching into these Ramsar sites, especially the Sungai Pulai forest reserve which has not been gazetted as having a protected area status. Its geographical proximity to the development core areas of IM places it under great pressure to be transformed into urban waterfronts and to be cut down for property developments. The controversial massive Forest City project (with a total of estimated 1600 ha reclaimed land area) located at the river mouth of Sungai Pulai will inevitably severely affect the mangrove ecosystem of Sungai Pulai [59] .
In earlier years, the construction of Tanjung Pelepas Port and in particular ATT Terminal Bin (Zone C in Figure 2a) , which was completed at the end of the 1990s, had substantially contributed to the major loss of mangroves in area 1 (see Table 6 ). Apart from the human-induced destruction, the intensified erosion rate along the coast has resulted in the shoreline retreat at Tanjung Piai, the southern-most tip of mainland Asia which consists mainly of mudflats and mangrove forests, of which the rate of erosion is between 2 to 4 m· year −1 [60] . Moreover, the local hydrodynamic conditions combined with the existence of regular ship wakes, and aquaculture activities, such as in the Sungai Pulai mangrove site, are also believed to be some reasons contributing to the intensive erosion at Tanjung Piai. Similar to the causes of threat to mangroves in area 1, the mangroves loss in area 2 is closely related to urbanization. Area 2 experienced the most critical condition of mangrove destruction as it is located within the core development area of IM (Zones A and B in Figure 2a) . The Danga Bay mixed-use waterfront development project which started in the 1990s has converted nearly the entire mangroves in area 2 into the mixed-use waterfront development. Unlike area 1 and 2, the mangroves in area 3 face the coverage loss mainly due to its conversion into aquaculture activities. The level of destruction is, however, at a lower rate as compared to area 2.
On the other hand, while mangroves were destroyed by anthropogenic activities, replanting efforts have resulted in a gain of 446 ha in the Ramsar sites in area 1 (for every 4.19 ha of mangrove loss a gain of 1 ha has been achieved). Areas 2 and 3 which are not gazetted as either protected areas or forest reserves face substantial loss and relatively lower gain through replanting, at only 183 ha and 81 ha respectively. The ratio of loss to gain in these two areas is 14.1:1 and 28.1:1 respectively. A regular monitoring system needs to be established to control, if not to reverse, the rate of mangrove destruction in Johor.
Conclusions
Overall, mangrove areas in Iskandar Malaysia (IM) have decreased at an alarming rate (33%) from 1989 to 2014. The major causes of mangrove destruction in this region are the development of the coastal region (construction of a port, industrial area, water front project, etc.), intensified erosion, local hydrodynamic conditions and development of aquaculture activities. On the other hand, a small increase of 710 ha of mangrove occurred in this region and the possible reasons for the gain could be replanting, especially in the Ramsar sites, and regrowth. The loss of about 241 ha per year of mangroves was associated with a steady increase in urban land use (1225 ha per year) from 1989 until 2014. Action is necessary to protect the existing mangrove cover from further loss.
Systematic monitoring and control measures are urgently needed to protect these sites from further coverage loss in the future. Regular monitoring and mapping can be performed with remote-sensing technology particularly with digital classification techniques. In this study, MLC produced higher overall accuracies and Kappa coefficients and less "salt and pepper effect" compared to SVM for all 7 years of data.
Gazetting of the remaining mangrove sites as protected areas or forest reserves and introducing tourism activities in mangrove areas can ensure the continued survival of mangroves in IM as mangrove forests are valuable ecological and economic resources and they play an important role to ensure economic and environmental sustainability [61] .
Therefore, gazetting of the remaining mangrove sites as protected areas or forest reserves at the least can be the basis, with a detailed management plan that indicates the permitted land use activities with different levels of access within these areas is crucial. On the other hand, introducing tourism activities is able to justify the continued conservation of mangroves through the economic values it offers bearing in mind the contribution of tourism to the job opportunities and currency exchange in Malaysia. However, the tourism activities must be carefully planned and centered on environmental education to raise the public awareness of the importance of mangroves, which would later have an influence on the physical development in the region.
